IT Integration and Patient Safety: The Case of a Software Tool  by El Morr, Christo et al.
 Procedia Computer Science  98 ( 2016 )  534 – 539 
1877-0509 © 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the Program Chairs
doi: 10.1016/j.procs.2016.09.075 
ScienceDirect
Available online at www.sciencedirect.com
The 3rd International Symposium on Emerging Information, Communication and Networks 
(EICN 2016) 
IT integration and Patient Safety: the case of a software tool 
El Morr, Christo*a, Ginsburg, Lianea, Nam Victor (Seungree)a, Susan Woollardb, Bojay 
Hensenb 
a York University, 4700 Keele St, Toronto ON, M3J P3, CANADA 
b North York General Hospital, Toronto ON, CANADA 
 
Abstract 
Information Technology (IT) in the healthcare system bring great benefits to patients and healthcare providers, and 
hospitals. However, IT systems have their own health safety risks for patients and possibly users. These risks need 
to be investigated. At North York General Hospital, Toronto, Canada, a software tool that measures the patients’ 
risk of readmission has been implemented. In this paper we describe the software implementation decisions and 
analyze the data entry challenges. Our Analysis uncovered data entry errors that would impact patients’ safety and 
well-being. Implementation strategies and integration of different eHealth solutions in a healthcare organization is 
still a challenge. There is a need to assess the risks eHealth solution have on patients’ safety and to develop 
processes in the workplace that ensures that eHealth tools are assessed upon implementation. 
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1. Introduction 
It has been a long standing belief that Information Technology (IT) in the Healthcare sector will bring immense 
benefits. IT has the ability to provide means of communication and computation that are badly need in a healthcare 
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system; it allows for the storage manipulation and communication of data inside and outside a point of care. eHealth 
is the overarching term of projects as variant as e-health education 1, ehealth promotion2 , e-homecare3 or others. IT 
based solutions such as Decision Support Systems (DSS) have a long standing record of reducing medical errors 
enhancing patient safety by a set of reminders and alerts4-11. However, a growing set of evidence is suggesting that IT 
systems have their own health safety risks for patients12-16 and need to be cleared for their own safety risks12.  
Readmission to hospitals is a problematic issue; it is an indicator that patients’ health is deteriorating after the last 
discharge and it incurs a considerable cost on the healthcare system. In Canada alone, about 8% of patients are 
readmitted within 30 days of discharge; in Ontario, 9% of acute care patients returned to the emergency room after 
discharge17. Inpatient readmissions represent more than 10% of the cost of inpatient care in Canada (excluding 
physician fees for services), and the cost is highest for medical patients (65% of unplanned readmissions) and surgical 
patients (23.9% of unplanned readmissions)18.  At North York General hospital (NYG) an eHealth tool (i.e. LACE 
index) was implemented to assess the risk of readmissions of patients upon admission. LACE index is based on four 
factors that should be entered into the user interface in order to assess the patient’s risk of readmission. However, due 
to lack of integration the nurses needed to estimate these 4 factors mentally in order to enter them into the eHealth 
tool. If these factors were erroneous that might result in false positive (patients classified incorrectly as at high risk of 
readmission) and in false negative (patients classified incorrectly as at low risk of readmission). Both misclassifications 
are highly important for the patient, the hospital and the healthcare system and the need to assess the eHealth tool 
implementation and impact become paramount. This paper will investigate the implementation flaws of a software 
interface dedicated for supporting decision making on potential risk of readmissions19 for patients in a hospital prior 
to discharge and the potential impact these flaws have on patient safety, we particularly point to assess the risks IT-
based eHealth solution represent when implemented in an environment. 
 
1.1. Readmission Risks: the LACE tool 
LACE is an index created to assess patients risk of readmission prior to discharge from hospital in order to eliminate 
or decrease preventable readmissions. The index is based on four factors the length of stay (e.g. number of days) of 
current admission (L), the acuity of care of the current admission, the admission would be acute if the admission 
occurred through emergency department (A), the number of comorbidities based on the Charlson comorbidity index 
(C), and the number of Emergency department visits in the last 6 months 20-24. The LACE index is computed as the 
sum of points given to its 4 factors L, A, C and E. 
2. Tool design and implementation 
2.1. Design and Implementation decisions 
Due to limitations in the IT environment, there was difficulty in developing a software integration of the current 
patient record and that captures patients’ LACE score. The hospital had acquired CERNER® as an electronic medical 
record solution. The development team has made the decision to develop an interface using Powerforms (a form 
development tool provided by CERNER®) and could not manage to get data directly from the database. Hence, the 
final solution was an interface (Fig. 1) that is not connected to the current electronic health record. The lack of 
integration resulted in a form not integrated with the data stored in the electronic medical record. 
536   Christo El Morr et al. /  Procedia Computer Science  98 ( 2016 )  534 – 539 
 
Fig. 1. LACE Tool interface. 
2.2. User Interface and Data Entry  
For practical reasons (e.g. the need to plan for patient discharge early after admission) the project team took the 
decision to replace the length of stay during the current admission with the length of stay during the last admission 
(i.e. the patient’s previous admission). That decision allowed the staff to have an early estimate of the patients’ risk 
of readmission and to plan for discharge accordingly. Hence, “L” represent at NYG hospital the length of stay during 
the last admission. 
Upon admission, a nurse will open the interface (Fig.1) and enter the values for L, A, C and E. The value for “A” 
was clear as it pertains to the patient’s admission being urgent or planned. On the other hand, while the system stored 
all the admission and discharge dates, the lack of integration did not allow automatic calculations of “L” and “E”. 
Therefore, these values were not available automatically for the nurse that had to estimate them by looking into the 
patient record.  
The length of stay during the last admission (“L”) and the number of visits to the emergency department (“E”) 
were estimated mentally by looking at the patient record. The nurse had to open the patient history tab to look at 
patient’s data and mentally calculate “L” as well as “E”. The admission and discharge dates of the previous patient’s 
admission was used to estimate mentally “L”, and the number of visits that showed on the screen was used to estimate 
“E”. The number of comorbidity (“C”) was estimated by doing a manual count based on the information displayed on 
the screen (e.g. text notes).  
The software interface radio buttons were used to enter the four LACE estimated values. The software then 
displayed the total LACE score in the lower right corner of the screen. 
At this first phase of the project, we accepted the “C” values estimated by nurses for our analysis, but we were 
interested in compute accurately the “L” and “E” values based on the patient record data and compared them to those 
entered manually using the LACE user interface. 
3. Data Analysis and Implications to Patient Safety 
The hospital data center provided us with admission data between June 2013 and August 2014, based on which we 
were able to compute accurately the exact “L” and “E” components of LACE for each admission. We have used a 
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Weighted Kappa Analysis to compare our accurate “L” and “E” to the values entered manually. Weighted Kappa 
compared the agreement between the accurate values for “L” and “E” and the manually entered values ones. Our 
analysis showed that the data entry error rates of “L” and “E” were 33% and 49% respectively. Besides, the level of 
agreement between the “L” and “E” values entered manually and the accurate values, was significantly low (Kappa 
value <0.7).  
“L” and “E” errors obviously resulted in many false positives (i.e. considering patients with low risk of readmission 
as patients with high risk) and false negatives (i.e. considering patients with high risk of readmission as patients with 
low risk). Between September 2013 and August 2014, 11% of the cases considered as high risk (LACE≥ 10) were 
low risk as their effective accurate LACE score was <10. On the other hand, in the same period, 23% of admitted 
patients were considered in the low risk range while they were in fact in high-risk range.  However, it is important to 
note that NYG hospital treated all patients equally, regardless of their LACE score, as the tool was under analysis and 
assessment. 
In addition, we have conducted a logistic regression analysis that showed that the accurate LACE give higher odds 
ratio than the one entered manually. Hence, LACE based on accurate “L” and “E” would make a better patients’ 
readmission predictor than LACE computed based on non-accurate values for “L” and “E”.  
4. Conclusion 
Integration of ehealth systems is still a challenge in a hybrid complex environment such as hospitals. Lack of 
integration leads to inaccuracies in the data entry and consequently validity. If the eHealth tools, such as the above 
mentioned LACE implementation, suffer from lack of integration or other IT-related short comings they might lead 
to inaccurate decision making. Inaccuracy in decision making affects the patient quality of care as well patient safety; 
in our case it have led to a high rate of false negatives and false positives, and incorrect allocation of resources (for 
the false positive cases).  
While eHealth solutions have well known advantages, particularly in safety 4-11, the need to take into consideration 
a careful plan for system integration reduces the need of data duplication and data re-entry; therefore, minimizing the 
possibility of errors and leading to more efficiencies and system acceptance. 
Moreover, system testing processes should be in place when developing an eHealth solution in order to ensure their 
quality and safety. Information Technology safety is a field unfolding in the eHealth field 13, 25-30; researchers and 
developers need to pay more attention to it. 
 
Acknowledgements 





1. Adams A and Kostkova P. Special Issue on Digital Libraries. Health Informatics Journal. 2006; 12: 91-2. 
2. Crespo R. Virtual community health promotion. Preventing chronic disease. 2007; 4: A75-A. 
3. Young NLBST, Barden WBST, McKeever PBN, Dick PTCM and The TeleHomeCare T. Taking the call-
bell home: a qualitative evaluation of Tele-HomeCare for children. Health & Social Care in the Community. 2006; 
14: 231-41. 
4. Samantra C, Datta S and Mahapatra SS. A risk-based decision support framework for selection of appropriate 
safety measure system for underground coal mines. International journal of injury control and safety promotion. 2015: 
1-15. 
5. Dixon-Woods M, Redwood S, Leslie M, Minion J, Martin GP and Coleman JJ. Improving quality and safety 
of care using "technovigilance": an ethnographic case study of secondary use of data from an electronic prescribing 
and decision support system. The Milbank quarterly. 2013; 91: 424-54. 
6. Michel M, Trafton J, Martins S, et al. Advances in Patient Safety 
Improving Patient Safety Using ATHENA-Decision Support System Technology: The Opioid Therapy for Chronic 
538   Christo El Morr et al. /  Procedia Computer Science  98 ( 2016 )  534 – 539 
Pain Experience. In: Henriksen K, Battles JB, Keyes MA and Grady ML, (eds.). Advances in Patient Safety: New 
Directions and Alternative Approaches (Vol 4: Technology and Medication Safety). Rockville (MD): Agency for 
Healthcare Research and Quality (US), 2008. 
7. Provost C and Gray M. Perinatal clinical decision support system: a documentation tool for patient safety. 
Nursing for women's health. 2007; 11: 407-10. 
8. Berner ES, Houston TK, Ray MN, et al. Improving ambulatory prescribing safety with a handheld decision 
support system: a randomized controlled trial. J Am Med Inform Assoc. 2006; 13: 171-9. 
9. Feldstein AC, Smith DH, Robertson NR, et al. Advances in Patient Safety 
Decision Support System Design and Implementation for Outpatient Prescribing: The Safety in Prescribing Study. In: 
Henriksen K, Battles JB, Marks ES and Lewin DI, (eds.). Advances in Patient Safety: From Research to 
Implementation (Volume 3: Implementation Issues). Rockville (MD): Agency for Healthcare Research and Quality 
(US), 2005. 
10. Chan AS, Martins SB, Coleman RW, et al. Advances in Patient Safety 
Post-fielding Surveillance of a Guideline-based Decision Support System. In: Henriksen K, Battles JB, Marks ES and 
Lewin DI, (eds.). Advances in Patient Safety: From Research to Implementation (Volume 1: Research Findings). 
Rockville (MD): Agency for Healthcare Research and Quality (US), 2005. 
11. Wijtzes T, van't Riet K, Huis in't Veld JH and Zwietering MH. A decision support system for the prediction 
of microbial food safety and food quality. International journal of food microbiology. 1998; 42: 79-90. 
12. Bennett KB. Ecological interface design and system safety: One facet of Rasmussen's legacy. Applied 
ergonomics. 2016. 
13. Chai KEK, Anthony S, Coiera E and Magrabi F. Using statistical text classification to identify health 
information technology incidents. Journal of the American Medical Informatics Association. 2013; 20: 980-5. 
14. Cheung K-C, van der Veen W, Bouvy ML, Wensing M, van den Bemt PMLA and de Smet PAGM. 
Classification of medication incidents associated with information technology. Journal of the American Medical 
Informatics Association. 2014; 21: e63-e70. 
15. Cobb D. Improving patient safety--how can information technology help? AORN journal. 2004; 80: 295-8, 
301-2. 
16. Coiera E, Aarts J and Kulikowski C. The dangerous decade. Journal of the American Medical Informatics 
Association. 2012; 19: 2-5. 
17. Canadian Institute for Health Information. Data Quality Documentation for External Users: Discharge 
Abstract Database, 2010–2011. Ottawa: CIHI, 2011. 
18. Canadian Institute for Health Information. All-Cause Readmission to Acute Care and Return to the 
Emergency Department. Ottawa: CIHI, 2012. 
19. El Morr C, Ginsburg L, Nam VS, Woollard S and Hansen B. Analyzing Readmissions Patterns: Assessment 
of the LACE Tool Impact. In: Schreier G, Ammenwerth E, Hörbst A and Hayn D, (eds.). eHealth 2016-10th Annual 
Conference on Health Informatics meets eHealth. Vienna, Austria: IOS Press, 2016, p. 25-30. 
20. Cotter PE, Bhalla VK, Wallis SJ and Biram RW. Predicting readmissions: poor performance of the LACE 
index in an older UK population. Age and ageing. 2012; 41: 784-9. 
21. Hansen B, Muia M and Woollard EV-GS. A Reduction in Readmission Rates through the Implementation 
of an Automated LACE Risk Assessment Tool at North York General – A Pilot Project (4N Neuro/Stroke). Toronto: 
North York General Hospital, 2013. 
22. Low LL, Lee KH, Hock Ong ME, et al. Predicting 30-Day Readmissions: Performance of the LACE Index 
Compared with a Regression Model among General Medicine Patients in Singapore. BioMed research international. 
2015; 2015: 169870. 
23. van Walraven C, Wong J and Forster AJ. LACE+ index: extension of a validated index to predict early death 
or urgent readmission after hospital discharge using administrative data. Open medicine : a peer-reviewed, 
independent, open-access journal. 2012; 6: e80-90. 
24. Wang H, Robinson RD, Johnson C, et al. Using the LACE index to predict hospital readmissions in 
congestive heart failure patients. BMC cardiovascular disorders. 2014; 14: 97. 
25. Sittig DF, Classen DC and Singh H. Patient safety goals for the proposed Federal Health Information 
Technology Safety Center. Journal of the American Medical Informatics Association. 2015; 22: 472-8. 
26. Magrabi F, Liaw ST, Arachi D, Runciman W, Coiera E and Kidd MR. Identifying patient safety problems 
associated with information technology in general practice: an analysis of incident reports. BMJ quality & safety. 
539 Christo El Morr et al. /  Procedia Computer Science  98 ( 2016 )  534 – 539 
2015. 
27. Ong M-S, Magrabi F and Coiera E. Syndromic surveillance for health information system failures: a 
feasibility study. Journal of the American Medical Informatics Association. 2013; 20: 506-12. 
28. Magrabi F, Aarts J, Nohr C, et al. A comparative review of patient safety initiatives for national health 
information technology. Int J Med Inform. 2013; 82: e139-48. 
29. Warm D and Edwards P. Classifying health information technology patient safety related incidents - an 
approach used in Wales. Applied clinical informatics. 2012; 3: 248-57. 
30. Magrabi F, Ong M-S, Runciman W and Coiera E. Using FDA reports to inform a classification for health 
information technology safety problems. Journal of the American Medical Informatics Association. 2012; 19: 45-53. 
 
